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NEURAL NETWORK TRAINING UNDER
MEMORY RESTRAINT

CROSS REFERENCES TO RELATED
APPLICATIONS

This application is a Divisional of U.S. non-provisional
application Ser. No. 16/836,421, filed Mar. 31, 2020, and
entitled “NEURAL NETWORK TRAINING UNDER
MEMORY RESTRAINT”, the content of which is herein
incorporated by reference in its entirety.

BACKGROUND

Artificial neural networks are computing systems with an
architecture based on biological neural networks. An artifi-
cial neural network can include a set of weights. Through
computations, the weights can be combined with input data
to extract information, and a decision can be made based on
the information. For example, for a computer vision appli-
cation to detect an object, the artificial neural network can
combine the weights with an input image to extract certain
features of the object from the image. Based on the extracted
features, the artificial neural network can generate a decision
of whether the object is in the image.

The set of weights of an artificial neural network can be
generated/updated by a training process, in which the arti-
ficial neural network can learn about how to perform a
certain computing task for an application. The training
process involves supplying the artificial neural network with
training input data, which can be labelled with a reference
output set which supports a particular decision (e.g., a
detection or a non-detection of an object in an image). The
artificial neural network can perform computations to com-
bine the weights with the training input data to generate a
training output data set, and the training output data set can
be compared against the reference output data set to generate
a set of differences. During the training, different training
input data sets can be provided to the artificial neural
network to generate different training output data sets. The
set of weights of the artificial neural network can be adjusted
based on an objective such as, for example, minimizing the
differences between the training output data sets and the
reference output data sets.

To improve the likelihood of the artificial neural network
generating a correct decision, typically a large volume of
training input data covering a large number of operation
scenarios is used to train an artificial neural network. As a
result, a training operation typically requires a lot of
resources, such as memory resources.

BRIEF DESCRIPTION OF THE DRAWINGS

Various embodiments in accordance with the present
disclosure will be described with reference to the drawings,
in which:

FIG. 1 illustrates an example a classifier device that uses
techniques disclosed herein to process data;

FIGS. 2A-2B are simplified block diagrams illustrating a
prediction model and the computations that use techniques
disclosed herein, according to certain aspects of the present
disclosure;

FIGS. 3A-3D illustrate examples of a training operation
of a neural network;

FIG. 4 illustrate examples of a training module to control
a training operation at a neural network processor, according
to certain aspects of the present disclosure;
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FIGS. 5A-5B illustrate examples of a training operation
controlled by the training module of FIG. 4, according to
certain aspects of the present disclosure;

FIGS. 6A-6F illustrate examples of a training operation
controlled by the training module of FIG. 4, according to
certain aspects of the present disclosure;

FIG. 7 illustrates an example of heuristic information
used by the training module to control a training operation,
according to certain aspects of the present disclosure;

FIG. 8 illustrates an example of a flow chart of a training
operation, according to certain aspects of the present dis-
closure;

FIG. 9 illustrates an example of an integrated circuit that
can support the example training operation of FIGS. 5A-6E;
and

FIG. 10 illustrates an example of a host system that can
support the example training operation of FIGS. SA-6E.

DETAILED DESCRIPTION

Examples of the present disclosure relate to neural net-
work processing, and more specifically, to performing a
training process of a neural network in a distributed system.

An artificial neural network (hereinafter, neural network)
is typically implemented in a computing system, such as a
neural network processor, to have an architecture based on
biological neural networks, and to process input data in an
analogous fashion as biological neural networks. A neural
network typically includes a number of cascading neural
network layers, with each layer including a set of weights.
In an inference operation, a first neural network layer can
receive an input data set, combine the input data with first
weights of the first neural network layer (e.g., by multiplying
the input data set with the weights and then summing the
products, post-processing the sum, etc.) to generate first
intermediate outputs, and propagate the first intermediate
outputs to a second neural network layer, in a first forward
propagation operation. The second neural network layer
performs a second forward propagation operation by com-
bining the first intermediate outputs with second weights of
the second neural network layer to generate second inter-
mediate outputs, and propagate the second intermediate
outputs to a higher neural network layer. The forward
propagation operations can start at the first neural network
layer and end at the highest neural network layer. The
forward propagation operation at each neural network layer
can represent different stages of extraction and processing of
information from the input data set. A decision can then be
made based on the output data of the highest neural network
layer. For example, each neural network layer can extract
and/or process features from an image, and a decision of
whether an object is in the image can be generated based on
a result of processing the extracted features at the neural
network layers.

The set of weights of the neural network can be generated
and/or updated by a training operation to improve the
likelihood of the neural network generating a correct deci-
sion. The training operation can be performed by the same
computing system (e.g., a neural network processor) that
performs the interference operation, or by a different system.
An example training operation can use a gradient descent
scheme. Specifically, as part of the training operation, the
aforementioned forward propagation operations can be per-
formed on a training input data set, using the set of weights
at each neural network layer, to generate a training output
data set at the highest level neural network layer.



US 12,106,222 B2

3

The training output data, as well as target output data, can
be input to a loss gradient operation to compute first output
error gradients representing a partial derivative of the output
errors (between the training output data and the target output
data) with respect to the training output data. At the highest
neural network layer, a first backward propagation operation
can be performed, in which the first output error gradients
can be combined with the intermediate outputs of the
previous neural network layer (the second highest neural
network layer) to generate first weight gradients for the
highest neural network layer. The first weight gradients can
represent a partial derivative of the output errors with
respect to the weights of the highest neural network layer.
The first weight gradients can be used to update the weights
of the highest neural network layer to minimize the output
errors.

Moreover, the first output error gradients, received by the
highest neural network layer, can be combined with the
original weights of the highest neural network layer to
obtain second output error gradients. In a second backward
propagation operation, the second output error gradients can
be propagated back to the previous layer to generate second
weight gradients for updating the weights of the previous
layer, and to generate third output error gradients to be
propagated to the layer before the previous layer. The output
error gradients can be propagated all the way to the first
neural network layer in a sequence of backward propagation
operations, and the weights of each layer can be updated
based on the weight gradients generated for each layer. The
training operation can be repeated for the same input data set
for a number of iterations until a loss objective (e.g., a
threshold first output error from the highest neural network
layer) is achieved.

A ftraining operation typically involves huge memory
resources. For example, the intermediate outputs generated
in the forward propagation operations for each layer are
typically stored in the memory. The intermediate outputs are
then fetched from the memory to support weight gradient
generation of the backward propagation operations for each
layer. If a large training data set is supplied to the training
process, and/or the neural network being trained has a large
number of layers, a large intermediate output data set can be
generated from the forward propagation operations as a
result. A large memory may be needed to store the large
intermediate output data set as well as other data (e.g., the
training data set, the weights, etc.) to support the training
operation. Such a large memory capacity may not be achiev-
able for certain types of memory devices, such as an on-chip
static random access memory (SRAM) of the neural network
processor, high speed memory devices (e.g., high bandwidth
memory (HBM)), etc.

To perform the training operation on a computing system
that has limited computation and memory resources, one
approach is to divide the training data set into portions. A
training operation can then be divided into batches, with
each batch being performed on a portion of the training data
set. The size of the training data set included in a portion can
be determined such that the intermediate output data gen-
erated from the portion of training data set can be fit into the
memory. The batches are then performed by the computing
system sequentially. For each batch, the computing system
can also perform the forward propagation and backward
propagation operations for each layer sequentially, and use
the memory to store and fetch the intermediate output data,
weights, weight gradients, and data gradients for each layer.
The computing system can update the weights of each layer
in each batch until all portions of the training data set are
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processed. The computing system can also perform multiple
iterations of the batches until the loss objective is achieved.

Although dividing the training data set to fit the respective
intermediate output data into the memory can reduce the
constraints imposed by the memory, such arrangements can
lead to inefficiency and substantially increase the training
time. Specifically, by requiring all of the intermediate output
data generated from a portion of the training data set to fit
into the memory, the size of the portion of the training data
set may be reduced, which can lead to a large number of
batches of the training operation. As each batch of the
training operation is performed sequentially, and multiple
iterations of the batches of the training operation may be
performed to achieve the loss objective, a large number of
batches can lead to a very long completion time for the
whole training operation. In addition, dividing a training
data set to fit the respective intermediate output data into the
memory can lead to inefficient utilization of computation
resources. For example, some of the computation resources
on the computing system are not utilized during a batch of
the training operation. This can happen when the computing
system has more computation capacity than needed to
process the portion of the training data and/or the interme-
diate outputs for the batch. As a result of the inefficient
utilization of the computation resources, the training opera-
tion takes a much longer time than what the computing
system could have been capable of.

Examples of the present disclosure relate to neural net-
work processing, and more specifically, to performing a
training operation of a multi-layer neural network in a
computing system, such as a neural network processor. The
neural network includes at least a first neural network layer
and a second neural network layer. The second neural
network layer can be the highest neural network layer.

As part of the training operation, the computing system
can perform, based on input data to the first layer and first
weights of the first neural network layer, a first forward
propagation operation for the first layer to generate first
intermediate outputs. The computing system can then per-
form, based on the first intermediate outputs and second
weights of the second neural network layer, a second for-
ward propagation operation for the second neural network
layer to generate second intermediate outputs. At the end of
second forward propagation operation, the computing sys-
tem can store the second intermediate outputs but not the
first intermediate outputs in a memory. For example, the
computing system can store the first intermediate outputs in
the memory during the first forward propagation operation,
and then overwrite the first intermediate outputs with the
second intermediate outputs in the memory during the
second forward propagation operation. As the memory
needs not store both first intermediate outputs and the
second intermediate outputs at the same time, the training
operation can accept a larger input data set and generate a
larger first intermediate output data set and a larger second
intermediate output data set, even in a case where the
memory lacks the capacity to store both the first and second
intermediate output data sets.

The computing system can then obtain the second inter-
mediate outputs from the memory, and perform a loss
gradient operation based on the second intermediate outputs
and target outputs to compute first output error gradients. As
the first intermediate outputs are not stored in the memory at
this point, the computing system can also repeat the first
forward propagation operation based on the input data to
regenerate the first intermediate outputs. The computing
system can then perform a first backward propagation opera-
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tion for the second neural network layer to combine the first
intermediate outputs with the first output error gradients to
generate first weight gradients, and to combine the first
output error gradients with the second weights to generate
second output error gradients. The computing system can
also perform a second backward propagation operation
neural network layer to combine the input data with the
second output error gradients to generate second weight
gradients. The computing system can transmit the first
weight gradients and the second weight gradients to a
training module to update, respectively, the second weights
of the second neural network layer and the first weights of
the first neural network layer.

The training operation at the computing system can be
managed by a training module. The training module can
select the second intermediate outputs for storage over the
first intermediate outputs, and control the computing system
to repeat the first forward propagation operation, based on
various criteria/methods. For example, the selection can
follow a pre-defined pattern in which a subset of the neural
network layers stores the intermediate outputs in the
memory when the forward propagation operations complete,
with each neural network layer of the subset being separated
by a pre-determined number of neural network layers. As an
illustrative example, the neural network layer may include
groups of four neural network layers, and the pattern may
specify that one neural network layer within each group is to
store intermediate outputs in the memory at the end of the
forward propagation operations, while the remaining three
neural network layers within the group are not to store
intermediate outputs at the end of the forward propagation
operations. The training module can then determine that the
second neural network layer is to store the second interme-
diate outputs while the first neural network layer is not to
store the first intermediate outputs based on the pattern.

As another example, the selection can be based on various
heuristics, such as the topology of the neural network, the
size of the memory, the available computation resources of
the computing system, etc. For example, based on the
topology of the neural network, the training module can
determine that the first intermediate outputs have a smaller
data size than the second intermediate outputs. As another
example, based on the available computation resources of
the computing system, the training module can also deter-
mine that it takes a shorter time to regenerate the first
intermediate outputs than the second intermediate outputs
due to, for example, the first neural network layer having a
lower complexity (e.g., less complex arithmetic and post-
processing operations) than the second neural network layer.
All these can allow the training module to select the second
intermediate outputs over the first intermediate outputs for
storage in the memory. In some examples, the training
module can receive heuristic information indicative of the
available computation and memory resources of the com-
puting system as well as the topology of the neural network
and adapt the selection based on the heuristic information,
rather than following a pre-defined pattern.

With the techniques described above, the memory needs
not store the intermediate outputs of all layers of the neural
network prior to the backward propagation operations. This
can mitigate the constraint of memory resources on the
training operation and allows the training operation to
operate on a larger input data set. In a case where the training
operation is performed in batches, the number of batches can
be reduced, which can significantly reduce the overall
completion time of the training operation. Moreover, in a
case where the neural network layer(s) are selected to store

20

35

40

45

55

6

intermediate outputs based on heuristics (e.g., neural net-
work topology, available computation resources, etc.), the
selection can adapt to the available computation and
memory resources to minimize the overall completion time
of' the training operation. All these can significantly improve
the efficiency of the training operation.

In the following description, various examples will be
described. For purposes of explanation, specific configura-
tions and details are set forth in order to provide a thorough
understanding of the examples. However, it will also be
apparent to one skilled in the art that the example may be
practiced without the specific details. Furthermore, well-
known features may be omitted or simplified in order not to
obscure the embodiments being described.

FIG. 1 illustrates an example classifier device 100 that
uses techniques disclosed herein to process data. Classifier
device 100 can be, for example, a computing device oper-
ating a software application 102 and a prediction model 103
to predict information included in a data sequence, and
perform a predetermined function based on the prediction.
For example, classifier device 100 can be part of an image
recognition service provided to identify certain objects (e.g.,
text, a person, etc.) from an image. It is understood that the
image recognition service is merely provided as an illustra-
tive example, and that techniques disclosed herein can be
used for other data processing applications including, for
example, text-based data processing (e.g., processing of
search queries), audio data processing, etc. Moreover, clas-
sifier device 100 may operate a number of different predic-
tion models to process different input data, either in parallel
or at different times.

In some examples, the image recognition service can be
provided in a multi-tenant compute service system. The
multi-tenant compute service system may typically include
a plurality of servers that can host data and be used by
multiple clients or organizations to run instances, such as
virtual machine instances or bare-metal instances (e.g.,
operating systems that run directly on the server hardware).
In most instances, such as bare-metal or virtual machine
instances, a multi-tenant compute service system may be
allocated to a client when the client needs them and decom-
missioned when they are no longer needed, such that the
resources can be reallocated to other clients. In the present
disclosure, the terms “tenant,” “client,” and “customer” may
be used interchangeably, although such terms do not neces-
sarily imply the existence of any particular business arrange-
ment. The term “instance” may refer to, for example, an
instance that is executed directly on server hardware or as a
virtual machine. Different types of instances generally cor-
respond to different hardware functions and/or arrangements
of hardware (e.g., different amounts of available memory
and/or processing hardware). In the example of FIG. 1, the
multi-tenant compute service system may provide the image
recognition service when the client needs it, and the service
is decommissioned when it is no longer needed, such that the
resources supporting the image recognition service (e.g.,
access to software application 102, and the underlying
hardware resources for processing software application 102)
can be reallocated to other clients. Different clients (or one
client) may request application 102 to perform processing of
different input data using the same or different prediction
models including prediction model 103.

In the example of FIG. 1, software application 102 can
receive pixel data of an image 104 from a user. Image 104
may include an array of pixels. Software application 102 can
perform analysis on the pixel data, and predict one or more
objects 106 depicted in image 104.
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The analysis may include, for example, comparing the
pixel data against a set of predetermined features data. The
predetermined features data may include data associated
with a set of predetermined visual image features such as,
for example, a nose object, a mouth object, etc. The prede-
termined features data may also include data associated with
non-visual image features, or a combination of visual and
non-visual image features. As to be discussed in more detail
below, software application 102 may employ prediction
model 103 to compute a set of scores based on the pixel data
of' image 104. The set of scores may represent, for example,
the likelihood of image 104 including the image features
represented by the features data. Software application 102
can then determine other information about the content of
image 104 based on the scores. For example, based on the
scores, software application 102 can determine that image
104 is an image of, for example, a panda, a cat, or other
objects.

Prediction model 103 can be in the form of an artificial
neural network. The artificial neural network may include a
plurality of processing nodes, with each processing node
configured to process part of the input pixel data, or to
further process the intermediate outputs from other process-
ing nodes. FIG. 1 illustrates an example of prediction model
103 that uses techniques disclosed herein. In FIG. 1, pre-
diction model 103 may be a multi-layer neural network such
as a deep neural network (DNN), a convolutional neural
network (CNN), etc. Prediction model 103 may include an
input layer 207, a set of intermediate layers including
intermediate layers 209 and 211, and an output layer (not
shown in FIG. 2A). It is understood that prediction model
103 can also include other different types of neural networks
including, for example, long short-term memory (LSTM),
multilayer perception (MTP), multiscale densenet (MSD-
NET), etc.

Layer 207 may process pixel data representing different
portions of image 104. For example, in the example of FIG.
2A, layer 207 may process the pixel data of image 204. Each
processing node of layer 207 is assigned to receive a pixel
value (e.g., Xy, X, X5, . . . X,,) corresponding to a predeter-
mined pixel within image 104, and transmit one or more
weights with the received pixel value to layer 209. In a case
where prediction model 203 is a DNN, each processing node
of layer 207 can be assigned a set of weights defined based
on a matrix W1. Each processing node of layer 207 can send
the received pixel value and the assigned weights to each
processing node of layer 209. In a case where prediction
model 103 is a CNN, groups of the processing nodes of layer
207 may share a set of weights, and each group may send the
set of weights and the pixel values received by the group of
processing nodes to a single processing node of layer 209.
Different neural network models may include different
topologies (e.g., including a different number of layers,
different connections between layers, etc.), and/or include a
different set of weights for each layer.

Layer 209 may process the scaled outputs from layer 207
to generate a set of intermediate outputs. For example,
assuming processing node 210a of layer 209 is connected to
n processing nodes in layer 207, processing node 210a may
generate a sum of the scaled outputs received from layer 207
based on the following equation:

SUM) ;= 2= (W1:%%;) (Equation 1)

Here, sum,,,, represents an intermediate output gener-
ated by processing node 210a. W1,xx, represents a scaling of
a particular pixel value (e.g., X,) with the associated weight
(e.g., W1,) by a processing node of layer 207. In a case
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where prediction model 103 is a DNN, each processing node
of layer 209 may generate the sum based on the scaling of
pixel values from each processing node of layer 207, and
then generate a sum (e.g., Sum,,,) by summing the scaled
pixel values. The sum may also represent a dot-product
between an input vector comprising a number of elements
(e.g., pixel values) and a weight vector (e.g., W1). In some
examples, a bias can also be added the scaled outputs to
generate the intermediate output.

In a case where prediction model 103 is a CNN, each
processing node of layer 209 may generate the intermediate
output based on the scaling of pixel values from a group of
processing nodes of layers 207. The intermediate output may
represent a convolution result between a group of pixel
values and a filter comprising the weight values. FIG. 2B
illustrates an example of a convolution operation that layer
209 may perform. In FIG. 2B, filter 230 may include a
two-dimensional array of weights. The weights in filter 230
may represent a spatial distribution of pixels for certain
features to be detected from the image. The two-dimensional
array may have a height of R rows and a width of S columns,
and is typically smaller than an input image with a height of
H pixels and a width of W pixels. Each weight may be
mapped to a pixel in a rectangular block of pixel values with
the same R rows and S columns. A processing node of layer
209 (e.g., processing node 210a) can receive, from a group
of processing nodes of input layer 207, a group 240 of pixel
values corresponding to a first rectangular block of pixels
from the input image, which corresponds to a first stride
location of filter 230, and generate a convolution output 242
based on a summation of multiplication results between each
weight of filter 230 and each corresponding pixel in group
240 according to Equation 1, to generate a dot-product
between a matrix represented by filter 230 and a matrix
represented by group 240. Another processing node of layer
209 can also receive, from another group of processing
nodes of input layer 207, a group 244 of pixel values
corresponding to a second rectangular block of pixels from
the input image corresponding to a second stride location of
filter 230, and generate a convolution output 246 based on
a summation of multiplication results between each weight
of filter 230 and each corresponding pixel in group 244
according to Equation 1, to generate a dot-product between
the matrix of filter 230 and a matrix represented by group
240. In some examples, each convolution output in FIG. 2B
(e.g., convolution output 242, convolution output 346, etc.)
can correspond to the output of a processing node of layer
209. In some examples, the pixel data in the input image
may be referred to as an input feature map to indicate that
the pixels are processed by the same filter (or same sets of
filters) corresponding to certain feature(s). The convolution
outputs may be referred to as an output feature map to
indicate that the output is the result of processing an input
feature map with the filter.

As shown in FIG. 2B, the convolution operations can be
arranged in a sliding-window such that the second rectan-
gular block overlaps, or is otherwise adjacent to, the first
rectangular block in the input image. For example, in the
example of FIG. 2B, D may be a distance of stride (in pixel)
of the sliding-window for each convolution operation, such
that the block of pixels corresponding to group 244 may be
situated at a distance D (in terms of pixels) from the block
of pixels corresponding to group 240, and the next block of
pixels may also be situated at the same distance D from
group 244. Other processing nodes of layer 209 may also
receive groups of pixels corresponding to other rectangular
blocks and generate other intermediate outputs. The convo-
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lution outputs can be part of a convolution output array. The
array of convolution outputs can have a smaller height and
a smaller width than the input image. Rectangular blocks of
the convolution outputs can be further grouped, and convo-
Iution operations can be performed at layer 211 between the
groups of convolution outputs and another set of filter
weights to generate another set of convolution outputs.

Referring back to FIG. 2A, one processing node of layer
209 may be configured to generate the convolution output
elements of one convolution output array, and a set M of
processing nodes of layer 209 can correspond to a set M of
convolution output arrays. The processing node of layer 209
can also process each convolution output with an activation
function to generate an activation output. The activation
function may translate the convolution output into a decision
of whether to forward the convolution output to intermediate
layer 211 to influence the classifier decision (analogous to
the firing of a biological neuron). An example of the
activation function can be a rectified linear unit (Rel.U)
defined according to the following equation:

x forx=0
0 forx <0

ReLU(x) = { (Equation 2)

In addition to RelLU, other forms of activation function
can also be used including, for example, a softplus function
(which can be a smooth approximation of a ReL.U function),
a hyperbolic tangent function (tanh), an arc tangent function
(arctan), a sigmoid function, a Gaussian function, etc.

A processing node of layer 209 (e.g., processing node
210a) may process the sum with the ReLU function to
generate a first output of layer 209 based on the following
equation:

first_output,,,=ReLU(Sumy,q,) (Equation 3)

Optionally, prediction model 103 may include a pooling
layer to reduce the number of intermediate outputs (e.g.,
sum,, o) layer 209. The pooling layer may group the inter-
mediate, of outputs and perform a pooling operation on each
group. The pooling operation may include such as max
pooling (e.g., selecting a maximum intermediate output
within the group), min pooling (e.g., selecting a minimum
intermediate output), average pooling (e.g., finding an aver-
age of each group), summation pooling (finding a sum of
each group), etc., and the reduced intermediate outputs can
be processed by the activation function to generate first
outputs of layer 209. The pooling operation can be per-
formed to reduce the computation cost associated with
activation function processing.

Layer 211 may further process the scaled intermediate
outputs from layer 209 by, for example performing addi-
tional convolution operations based on different sets of
filters. The outputs from each processing node of layer 211
may be forwarded to other higher intermediate layers, or to
an output layer (not shown in FIG. 2A). The output layer
may form an output vector representing, for example, a
probability that certain features are included in image 104,
and/or a probability that image 204 includes an image of a
panda. For example, the output vector may be compared
against a reference vector associated with a nose object of a
panda, or a reference vector associated with a panda. A
decision about whether image 104 is an image of a panda
can be determined based on the comparison result.

The weights and filter coefficients described in FIG. 2A
and FIG. 2B can be generated and updated by a training
process, to improve the likelihood of prediction model 103
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generating a correct decision. Referring to the examples of
FIG. 2A and FIG. 2B, prediction module 103 can be trained
based on a set of training images. The training images can
include images of different pandas, images of other animals
and other artifacts, etc. Prediction model 103 can process
those images and generate different output vectors. The
weights in the neural network layers of prediction model 103
can be updated to maximize the number of correct decisions
(e.g., detection of a panda in training images that contain a
panda, non-detection of a panda in training images that do
not contain a panda, etc.) by the prediction model 103.

FIG. 3A illustrates an example of a training process 300
to train a neural network, including the neural network of
prediction model 103. A training process can be performed
by, for example, a neural network hardware accelerator that
implements the neural network, a general purpose hardware
processor, or other suitable computing systems that support
the arithmetic operations involved in neural network pro-
cessing as described above. The training can be based on a
gradient descent scheme, which includes forward propaga-
tion operations, a loss gradient operation, and backward
propagation operations. Specifically, as shown in FIG. 3A, a
forward propagation operation can be performed for each
neural network layer, such as a forward propagation opera-
tion 302a for the lowest layer 1 (which can correspond to
input layer 207 of FIG. 2A), a forward propagation opera-
tion 302a for layer 2 (which can correspond to layer 209 of
FIG. 2A), a forward propagation operation 302n for the
highest layer n (which can correspond to layer 211 of FIG.
2A), etc. A forward propagation operation at a neural
network layer can include the multiplication and summation
computations between input data and a set of weights for
that layer, followed by activation function processing, as
described above in Equations 1 and 2, to generate interme-
diate output data. The intermediate output data can then
propagate to the next neural network layer as input to the
forward propagation operation at that layer. For example, as
shown in FIG. 3A, forward propagation operation 302a can
combine training input data with w, weights of layer 1 to
generate intermediate output data out,, which propagate to
layer 2 as input. Forward propagation operation 3024 can
combine data out; with w, weights of layer 2 to generate
intermediate output data out,, which can then propagate to
the next layer. At the highest layer n, forward propagation
operation 302n receives data intermediate out,,_; from layer
n-1 (not shown in FIG. 3A), combines with w,, weights of
layer n, and generate intermediate output data outs.

A loss gradient operation 304 can compare the interme-
diate output data out,, of layer n against reference output data
ref_out, to generate output error gradients d,,. Output error
data gradients d,, can measure a partial derivative of the
output error, represented by the difference between outs and
ref_out,,, with respect to each data element of output data
out,,. In some examples, an objective of the training is to
minimize the difference between outs and ref_out, such that
the output error gradients d,, can become close to zero.

Following the generation of error gradients d,, by loss
gradient operation 304, a backward propagation operation
306 can be performed for each neural network layer. For
example, a backward propagation operation 306n can be
performed at highest layer n, a backward propagation opera-
tion 3065 can be performed at layer 2, a backward propa-
gation operation 306a can be performed at layer 1. A
backward propagation operation at a neural network layer
can be based on the weights of that neural network layer, the
data gradient input to that neural network layer, as well as
the input to the forward propagation operation of that layer.
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For example, for layer n, backward propagation operation
306% can receive, as inputs, weights wn, intermediate output
data out, ; (from forward propagation operation at neural
network layer n-1), and error gradients d,,,. The backward
propagation operation can perform multiplication and sum-
mation computations similar to those of Equations 1 and 2
on the inputs to generate weight gradients wgrad (dw,,, dw,,
dw,, etc. in FIG. 3A) and output data gradients (d,, ds, d,,
etc. in FIG. 3A).

Weight gradients wgrad of a neural network layer can
represent a partial derivative of the output error with respect
to each weight of the neural network layer, and can be used
to update the weights of the neural network layer. The
weight gradients can be generated based on the intermediate
outputs of a previous layer and the input data gradients to
that neural network layer. For example, at layer n, weight
gradients dw,, can be generated based on the intermediate
outputs out,_ , and error gradients d,,, whereas at layer n-1,
weight gradients dw,_;, can be generated based on the
intermediate outputs out, , and the output data gradients of
layer n, d,,.

The weights at layer n can be updated by an update
operation 308 (e.g., update operation 308z for layer n) based
on the weight gradients dwn based on the following equa-
tion:

wr'=wn-oxdwn (Equation 3)

In Equation 3, wn' can refer to the updated weights wn,
whereas o can include a set of pre-determined constants.

In addition, the output data gradients of a neural network
layer can represent a partial derivative of the output error
with respect to the product sums at the neural network layer.
The output data gradients can be forwarded to the next lower
neural network layer as inputs to the backward propagation
operation in that layer to compute the weight gradients in
that layer. For example, as described above, the output data
gradients of layer n, d,, can be propagated to layer n-1 to
compute weight gradients dw,,_,. The output data gradients
of a neural network layer can be generated based on the
input data gradients to that neural network layer, as well as
the original weights (prior to being updated with the weight
gradients) of that neural network layer. For example, at layer
n, the output data gradients d,, can be generated based on
weights w,, as well as error gradients d,, in backward
propagation operation 306x.

The output data gradients d,, generated by layer n can then
propagate to the next lower neural network layer n-1 as input
to the backward propagation operation at that layer. Back-
ward propagation operation 3065 of layer 2 can operate on
data gradients d;, weights w,, and intermediate output data
out; to generate output data gradients d, as well as weight
gradients dw,. Weight gradients dw, can be used by update
operation 3085 to update w, weights based on Equation 3.
Data gradients d, can propagate to layer 1. Backward
propagation operation 3064 of layer 1 can operate on data
gradients d,, weights w,, and training input data to generate
weight gradients dw,. Weight gradients dw, can be used by
update operation 308a to update w, weights based on
Equation 3.

A training process typically involves supplying the neural
network with multiple sets of training input data to cover
different operation conditions, such that the neural network
can be trained to provide a correct decision under those
different operation conditions. Due to limited computation
resources, the computing system (e.g., a neural network
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hardware accelerator) typically lacks the capability to use all
the training input data sets at one time to perform the
training.

FIG. 3B illustrates one example solution to perform the
training operation on a computing system that has limited
computation and memory resources. As shown in FIG. 3B,
a training data set 310 can be divided into portions including
portion 312a, 3125, 312¢, 312n, etc. Moreover, a training
operation can then be divided into batches, such as batch0,
batchl, batchn, etc., with each batch being performed on a
portion of the training data set. As shown in FIG. 3B, the
computing system can perform the batches of training
operation sequentially. For each batch, the computing sys-
tem can also perform the forward propagation operations
302, loss gradient operations 304, backward propagation
operations 306, and weight update operations 308 for each
layer. The computing system can update the weights of each
layer in each batch until all portions of the training data set
are processed. The computing system can also perform
multiple iterations of the batches, such as iterations 320a,
3205, etc., until the loss objective is achieved.

The transmission of data involved in the training opera-
tion at each neural network layer is typically achieved via a
memory. The memory may include an on-chip static random
access memory (SRAM) of the neural network processor,
high speed memory devices (e.g., high bandwidth memory
(HBM)), etc. FIG. 3C and FIG. 3D illustrate examples of
memory operations involved in a training operation batch.
Referring to FIG. 3C, a memory 330 is provided to store the
data involved in the batch 0 training operation, such as input
data, intermediate outputs, weights, bias, etc. The forward
propagation operation of a layer can obtain input data from
memory 330 and writes intermediate outputs back to
memory 330. For example, layer 1 forward propagation
operation 302a can obtain training data 332 from memory
330, generate intermediate outputs 334qa, and store interme-
diate outputs 334¢ in memory 330. Moreover, layer 2
forward propagation operation 3025 can obtain intermediate
outputs 334q, generate intermediate outputs 3345, and store
intermediate outputs 3345 in memory 330. Layer n-1 for-
ward propagation operation 302r-1 can also store interme-
diate outputs 334n-1 in memory 330, whereas layer n
forward propagation operation 3027 can store intermediate
outputs 334z in memory 330. After the forward propagation
operations at each layer complete, the intermediate outputs
of each layer are stored in memory 330 to be provided as
inputs to the subsequent loss gradient and backward propa-
gation operations.

FIG. 3D illustrates the memory access operations
involved in the loss gradient and backward propagation
operations. As shown in FIG. 3D, loss gradient operation
304 can obtain intermediate outputs 334 (and reference
intermediate outputs, not shown in FIG. 3D) to generate
output error gradients d,,, based on a comparison between the
reference intermediate outputs and intermediate outputs
334, and store output error gradients d,, back to memory
330. The data size of output error gradients d,, can be the
same as or different from intermediate outputs 334n. As
intermediate outputs 334n are no longer needed by other
operations, output error gradients d,,, can overwrite part of or
all of intermediate outputs 334» in memory 330. Layer n
backward propagation operation 306 can then obtain error
gradients d,, as well as intermediate outputs 334n-1 (gen-
erated by layer n-1) from memory 330 to compute weight
gradients dwn and data gradients dn, and store both in
memory 330 (not shown in FIG. 3D). The backward propa-
gation operations at other layers also obtain the intermediate
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outputs from memory 330. For example, layer 3 backward
propagation operation 306¢ can obtain intermediate outputs
334b (generated by layer 2) from memory 330, layer 2
backward propagation operation 3065 can obtain interme-
diate outputs 3344 (generated by layer 1) from memory 330,
whereas layer 1 backward propagation operation 306a can
obtain training data 332 from memory 330.

To ensure that memory 330 can store the intermediate
outputs of each layer, the size of the portion of input training
data in a batch has to be carefully selected such that the total
size of intermediate outputs generated by each layer, from
the portion of input training data, does not exceed the
capacity allocated for the intermediate outputs. But this can
lead to inefficiency and substantially increase the training
time. Specifically, by requiring all of the intermediate output
data generated from a portion of the training data set to fit
into the memory, the size of the portion of the training data
set may become quite small, which can lead to a large
number of batches of the training operation. As each batch
of the training operation is performed sequentially, and
multiple iterations of the batches of the training operation
may be performed to achieve the loss objective, a large
number of batches can lead to a very long completion time
for the whole training operation.

In addition, providing a small training data set to a
computing system in a batch can lead to inefficient utiliza-
tion of computation resources. For example, some of the
computation resources on the computing system may not be
utilized during a batch of the training operation.

This can happen when the computing system has more
computation capacity than needed to process the portion of
the training data and/or the intermediate outputs for the
batch. As a result of the inefficient utilization of the com-
putation resources, the training operation takes a much
longer time than what the computing system could have
been capable of

FIG. 4 illustrates an example training module 400 which
can address at least some of the issues described above.
Training module 400 can manage computation resources
402 and memory 404 to perform a training operation of a
neural network. Computation resources 402 can include
computation hardware (e.g., arithmetic circuits, lookup
tables, etc.) provided by a neural network processor 406 to
perform neural network computations, such as forward
propagation operations, backward propagation operations,
loss gradient computations, weight gradient and data gradi-
ent computations, weight updating computations, etc. More-
over, memory 404 can be part of on-chip memory of neural
network processor 406, off-chip high speed memory devices
(e.g., high bandwidth memory (HBM)), etc. In some
examples, training module 400 can include software instruc-
tions executable by a host processor of a server that also
includes the neural network processor and memory 404.

Referring to FIG. 4, training module 400 includes a
forward propagation management module 410, a backward
propagation management 412, an intermediate output man-
agement module 414, and computation module 416, to
perform the training operation. Forward propagation man-
agement module 410 can control computation resources 402
to perform forward propagation operations sequentially for
each layer starting from layer 1 and ending at layer n (the
highest layer), such as operations 302a-302z of FIG. 3A,
and signal the status of forward propagation operation at
each layer. Backward propagation management module 412
can control computation resources 402 to perform the loss
gradient operation and backward propagation operations
sequentially for each layer starting from layer n (highest
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layer) back to layer 1, such as operations 306a-306# of FIG.
3 A, and signal the status of backward propagation operation
at each layer.

Data management module 414 can manage the storage
and fetching of data involved in the training operation,
including the intermediate outputs for the forward propaga-
tion operations and the backward propagation operations.
Specifically, data management module 414 can select a
subset of layers for which the intermediate outputs are to be
retained in memory 404 at the end of the forward propaga-
tion operations and prior to the loss gradient operation, while
the intermediate outputs of the rest of the layers are not
retained. Together with forward propagation management
module 410, data management module 414 can control the
storage and fetching of intermediate outputs for each layer
during the forward propagation operations.

In addition, data management module 414 can also con-
trol the fetching (or provision) of intermediate outputs for
the backward propagation operation at each layer. For
example, data management module 414 may receive a signal
from backward propagation management module 412 that
the backward propagation of a particular layer is about to
start. If the intermediate outputs for that layer are not stored
in memory 404, data management module 414 causes for-
ward propagation management module 410 to control com-
putation resources 402 to repeat a forward propagation
operation to regenerate intermediate outputs not stored in
memory 404, and to provide the regenerate intermediate
outputs for that layer. Data management module 414 can
also manage the storage and fetching of other data, such as
input training data, output error gradients, data gradients,
weight gradients, weights, bias, etc.

Computations module 416 can handle the computations
not handled by neural network processor 406 such as, for
example, pre-processing of training data. For example, in a
case where the training data contain image data, computa-
tions module 416 can perform cropping (or other pre-
processing) operations of the image data to extract pixel data
of objects of interest and to include the extracted pixel data
into the training data. As another example, neural network
processor 406 may not perform some of the training opera-
tions, such as loss gradient computations, weight and data
gradient computations, weight updating computations, etc.
In such a case, computations module 416 can handle those
operations, and store the updated weights back to memory
402.

As data management module 414 selects only a subset of
layers for which the intermediate outputs are to be retained
in memory 404 at the end of the forward propagation
operations and prior to the loss gradient operation, memory
404 needs not store the intermediate outputs of all layers of
the neural network prior to the backward propagation opera-
tions. This allows the training operation to operate on a
larger input data set. In a case where the training operation
is performed in batches, the number of batches can be
reduced, which can significantly reduce the overall comple-
tion time of the training operation.

FIG. 5A and FIG. 5B illustrate an example sequence of
forward propagation operations and the associated memory
access operations managed by training module 400, for a
four-layer neural network. In the examples shown in FIG.
5A and FIG. 5B, data management module 414 is to select
every other layer, including layer 2 and layer 4, to retain
intermediate outputs in memory 404 at the end of all forward
propagation operations. In addition, input training data 502
is also stored in memory 404.
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Referring to FIG. 5A, forward propagation management
module 410 can control neural network processor 406 to
perform layer 1 forward propagation operation 302a based
on training data 502. Neural network processor 406 can
obtain training data 502 from memory 404 based on a
memory address 508 provided by data management module
414 and generate intermediate outputs 504a. Neural network
processor 406 can store intermediate outputs 504a in
memory 404 at a memory address 510 provided by data
management module 414.

Forward propagation management module 410 can then
control neural network processor 406 to perform layer 2
forward propagation operation 3026 based on intermediate
outputs 504a. Neural network processor 406 can obtain
intermediate outputs 504a from memory 404 based on
memory address 510 provided by data management module
414 and generate intermediate outputs 5045. As intermediate
outputs 504a (generated by layer 1) are not to be retained,
data management module 414 can instruct neural network
processor 406 to store intermediate outputs 5045 at memory
address 510 to overwrite intermediate outputs 504a.

Forward propagation management module 410 can then
control neural network processor 406 to perform layer 3
forward propagation operation 302¢ based on intermediate
outputs 504b. Neural network processor 406 can obtain
intermediate outputs 5045 from memory 404 based on
memory address 510 provided by data management module
414 and generate intermediate outputs 504¢. As intermediate
outputs 5045 (generated by layer 2) are to be retained, data
management module 414 can instruct neural network pro-
cessor 406 to store intermediate outputs 504¢ at memory
address 512 separate from intermediate outputs 504a.

Forward propagation management module 410 can then
control neural network processor 406 to perform layer 4
forward propagation operation 3024 based on intermediate
outputs 504¢. Neural network processor 406 can obtain
intermediate outputs 504¢ from memory 404 based on
memory address 510 provided by data management module
414 and generate intermediate outputs 5044. As intermediate
outputs 504¢ (generated by layer 3) are not to be retained,
data management module 414 can instruct neural network
processor 406 to store intermediate outputs 5044 at memory
address 512 to overwrite intermediate outputs 504c. As
shown in FIG. 5B, at the end of the forward propagation
operations, memory 404 can store training data 502 at
memory address 508, intermediate outputs 5045 and 5044
from layers 2 and 4 at memory addresses 510 and 512, plus
some other data, but not intermediate outputs 504a and 504¢
from layers 1 and 3.

FIG. 6A, FIG. 6B, FIG. 6C, FIG. 6D, and FIG. 6E
illustrate example sequences of loss gradient operations,
backward propagation operations, forward propagation
operations, and the associated memory access operations
managed by training module 400, subsequent to the forward
propagation operations of FIG. 5A and FIG. 5B.

Referring to FIG. 6A, computations module 416 (of
training module 400) can perform loss gradient operation
304 based on intermediate outputs 504d4. Computations
module 416 can obtain reference intermediate outputs (not
shown in FIG. 6A) and intermediate outputs 5044 from
memory 404 based on memory address 510 provided by data
management module 414, and generate output error gradi-
ents d,,, based on a comparison between intermediate outputs
504d and reference intermediate outputs. As intermediate
outputs 504d are not needed after loss gradient operation
304, data management module 414 can instruct computa-
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tions module 416 to store output error gradients d,, at
memory address 512 to overwrite intermediate outputs
504d.

Referring to FIG. 6B, backward propagation management
module 412 can then control neural network processor 406
to perform a layer 4 backward propagation operation 3064,
which needs output error gradients d,, and intermediate
outputs 504¢ from layer 3. But intermediate outputs 504¢ are
not retained after the forward propagation operations com-
plete, as explained above. Data management module 414,
via forward propagation management module 410, can con-
trol neural network processor 406 to repeat layer 3 forward
propagation operation 302¢ to regenerate intermediate out-
puts 504¢. Neural network processor 406 can obtain inter-
mediate outputs 5045 from memory address 510 to perform
layer 3 forward propagation operation 302¢, and store inter-
mediate outputs 504¢ at a memory address 602 of memory
404. Neural network processor 406 can then fetch output
error gradients d,,, from memory address 512 and interme-
diate outputs 504¢ from memory address 602 to perform
layer 4 backward propagation operation 306d. As output
error gradients d,, are not used by other subsequent pro-
cesses, data management module 414 can instruct neural
network processor 406 to store the outputs of layer 4
backward propagation operation 3064, including data gra-
dients d, and weight gradients dw,, at memory address 512
to overwrite output error gradients d,,,. Intermediate outputs
504c¢ are also not needed in subsequent operations and can
be overwritten later. Computations module 416 can also
obtain weight gradients dw, from memory address 512 to
update the weights of layer 4.

Referring to FIG. 6C, backward propagation management
module 412 can then control neural network processor 406
to perform a layer 3 backward propagation operation 306c¢,
which needs data gradients d, and intermediate outputs 5044
from layer 2, both of which are stored in memory 404.
Neural network processor 406 can fetch data gradients d,,
and intermediate outputs 5045 from, respectively, memory
addresses 512 and 510 to perform layer 3 backward propa-
gation operation 306¢. As data gradients da and intermediate
outputs 5045 are not used in subsequent operations, data
management module 414 can instruct neural network pro-
cessor 406 to store the outputs of layer 3 backward propa-
gation operation 306c¢, including data gradients d; and
weight gradients dw;, at memory address 510 to overwrite
intermediate outputs 5045 (or at memory address 512 to
overwrite data gradients d, and weight gradients wd,).
Computations module 416 can also obtain weight gradients
dw, to update the weights of layer 3.

Referring to FIG. 6D, backward propagation management
module 412 can then control neural network processor 406
to perform a layer 2 backward propagation operation 3065,
which needs data gradients d, and intermediate outputs 504a
from layer 1. But intermediate outputs 504a are not retained
after the forward propagation operations complete, as
explained above. Data management module 414, via for-
ward propagation management module 410, can control
neural network processor 406 to repeat layer 1 forward
propagation operation 302a to regenerate intermediate out-
puts 504a. Neural network processor 406 can obtain training
data 502 from memory address 508 to perform layer 1
forward propagation operation 302a, and store intermediate
outputs 504a at memory address 512, or at another memory
address that can be overwritten (e.g., memory address 602).
Neural network processor 406 can then fetch output error
gradients d3 from memory address 510 and intermediate
outputs 504a from memory address 512 (or 602) to perform
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layer 1 backward propagation operation 306a. As data
gradients d; are not used by other subsequent processes, data
management module 414 can instruct neural network pro-
cessor 406 to store the outputs of layer 2 backward propa-
gation operation 3065, including data gradients d, and
weight gradients dw,, at memory address 510, to overwrite
data gradients d;. Intermediate outputs 5044 are also not
needed in subsequent operations and can be overwritten
later. Computations module 416 can also obtain weight
gradients dw, from memory address 510 to update the
weights of layer 2.

Referring to FIG. 6E, finally backward propagation man-
agement module 412 can control neural network processor
406 to perform a layer 1 backward propagation operation
306a, which needs data gradients d, and training data 502,
both of which are stored in memory 404. Neural network
processor 406 can fetch data gradients d, and training data
502 from, respectively, memory addresses 510 and 508 to
perform layer 1 backward propagation operation 306a to
generate weight gradients dw, for layer 1, which can be
stored in any address that can be overwritten, including
memory addresses 510 and 508. Computations module 416
can also obtain weight gradients dw, from memory 404 to
update the weights of layer 1.

In the examples of FIG. 5A-FIG. 6E, data management
module 414 can select a subset of the neural network layers
to store the intermediate outputs based on a pre-defined
pattern, where each neural network layer of the subset is
separated by a pre-determined number of neural network
layers (one). Data management module 414 can receive the
pre-defined pattern as part of a training configuration.

In some examples, data management module 414 can also
select the subset of the neural network layers based on
various heuristics, such as the topology of the neural net-
work, the size of the memory, the available computation
resources of the computing system, etc. For example, based
on the topology of the neural network, data management
module 414 may determine that the intermediate outputs of
a first layer have a smaller data size than the intermediate
outputs of a second layer, and determines not to store the
smaller intermediate outputs of the first layer which may
take a shorter time to regenerate. As another example, data
management module 414 may determine that, while the
intermediate outputs of the first layer have a smaller data
size than the intermediate outputs of a second layer, the first
layer has a higher complexity (e.g., requires more complex
arithmetic operations, post-processing operations, etc.) and
requires more time and/or computation resources to regen-
erate the intermediate outputs than the second layer. In such
a case, data management module 414 may determine not to
store the intermediate outputs of the second layer instead.

In some examples, data management module 414 may
receive heuristic information about the size of intermediate
outputs and the execution time of a forward propagation
operation for each layer of a neural network, and select
which layer to store the intermediate outputs based on the
heuristic information. FIG. 7 illustrates an example of the
heuristic information 700 for different layers. The interme-
diate output data size (e.g., size-0, size-1, etc.) can reflect the
topology of a neural network (e.g., a number of nodes in
each layer of the neural network), whereas the forward
propagation computation time (e.g., time-0, time-1, etc.) for
each layer can reflect the topology of the neural network
(e.g., the computation operations involved in each layer) as
well as the computation resources 402 available from neural
network processor 406 to support the forward propagation
operation. Given a size of memory 404, data management
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module 414 can determine different subsets of layers for
which the intermediate outputs can fit into memory 404,
based on the intermediate output size information from
heuristic information 700. Moreover, for each subset, data
management module 414 can also compute the time to
regenerate the intermediate outputs for the layers not part of
the subset. Data management module 414 can then select the
subset which requires the minimum time to regenerate the
intermediate outputs. With such arrangements, data man-
agement module 414 can adapt the selection to different
neural network topologies, available computation resources,
available memory resources, etc., to optimize the training
operation.

FIG. 8 illustrates a flowchart of a method 800 for training
a neural network. The neural network, such as a prediction
model shown in FIG. 2A, comprises at least a first layer and
a second layer. Method 800 can be performed by a neural
network processor (e.g., neural network processor 406) in
conjunction with a training module (e.g., training module
400) and coupled with a memory (e.g., memory 404).
Memory 404 can include an on-chip memory of neural
network processor 406 and/or an off-chip memory (e.g.,
HBM).

In step 802, neural network processor 406 can perform,
based on input data, a first forward propagation operation for
a first layer of a neural network to generate first intermediate
outputs. The first layer can be an input layer (e.g., input layer
207), or an intermediate layer (e.g., intermediate layers 209,
211, etc.). As explained above, forward propagation man-
agement module 410 can control computation resources 402
of neural network processor 406 to perform forward propa-
gation operations sequentially for each layer starting from
layer 1 and ending at layer n (the highest layer), such as
operations 302a-302» of FIG. 3A, and signal the status of
forward propagation operation at each layer. As part of the
sequential forward propagation operations, forward propa-
gation management module 410 can control neural network
processor 406 to perform the first forward propagation
operation for the first layer. Data management module 414
can also control neural network processor 406 to fetch the
input data to the first propagation operation from memory
404, and to store the first intermediate outputs in memory
404.

In step 804, neural network processor 406 can perform,
based on the first intermediate outputs, a second forward
propagation operation for the second layer of the neural
network to generate second intermediate outputs. Forward
propagation management module 410 can control neural
network processor 406 to perform the second forward propa-
gation operation for the second layer. Data management
module 414 can also control neural network processor 406
to obtain the first intermediate outputs from memory 404 as
inputs to the second forward propagation operation.

As explained above, data management module 414 can
select a subset of layers for which the intermediate outputs
are to be retained in memory 404 at the end of the forward
propagation operations and prior to the loss gradient opera-
tion, while the intermediate outputs of the rest of the layers
are not retained. Such arrangements can reduce the total data
size of the intermediate outputs stored in memory 404,
which in turn can increase the batch size supported by
memory 404. The subset of layers selected to retain the
intermediate outputs can be based on a pre-determined
pattern (e.g., to store the intermediate outputs for every other
layer), based on heuristics (e.g., completion times of forward
propagation operations, data sizes of intermediate outputs
for each layer, etc.), or based on other suitable criteria, as
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explained above with respect to FIG. 6A-FIG. 7. As part of
step 804, data management module 414 can control neural
network processor 406 (via forward propagation manage-
ment module 410) to overwrite the first intermediate outputs
with the second intermediate outputs, based on the determi-
nation that the first intermediate outputs are not retained at
the end of the forward propagation operations.

In step 806, neural network processor 406 can perform,
based on the second intermediate outputs, a loss gradient
operation to generate output error gradients. As explained
above, a loss gradient operation, such as loss gradient
operation 304, can compare the second intermediate output
data of the second layer against reference output data to
generate the output error gradients. The output error gradi-
ents can measure a partial derivative of the output error,
represented by the difference between the second interme-
diate outputs and the reference output data, with respect to
each data element of the second intermediate outputs. In
some examples, an objective of the training is to minimize
the output error. Neural network processor 406 can be
controlled by backward propagation management module
412 to perform the loss gradient operation, whereas data
management module 414 can control neural network pro-
cessor 406 (via backward propagation management module
412) to fetch the second intermediate outputs from memory
404. In some examples, a loss gradient operation can be
performed by computations module 416 as well.

In step 808, neural network processor 406 can repeat the
first forward propagation operation, based on input data
from memory 404, to regenerate the first intermediate out-
puts. The first intermediate outputs are regenerated as inputs
to the first backward propagation operation. But as the first
intermediate outputs are not stored in memory 404, data
management module 414 can control forward propagation
management module 410 to repeat the first forward propa-
gation to regenerate the first intermediate outputs and to
store the first intermediate outputs in memory 404. As the
second intermediate outputs are already consumed by the
loss gradient operation, data management module 414 can
control neural network processor 406 to overwrite the sec-
ond intermediate outputs with the first intermediate outputs
in memory 404.

In step 810, neural network processor 406 can perform,
based on the first intermediate outputs from the repeated first
forward propagation operation and the first data gradients, a
first backward propagation operation for the second layer to
generate first data gradients and first weight gradients, the
first weight gradients being for updating weights of the
second layer. As explained above, the first backward propa-
gation operation can be associated with the second layer.
Backward propagation management module 412 can control
neural network processor 406 to perform the first backward
propagation operation, while data management module 414
can control neural network processor 406 (via backward
propagation management module 412) to fetch the first
intermediate outputs from memory 404 and to store the first
data gradients and the first weight gradients in memory 404.
The first data gradients can be provided as inputs to the
subsequent backward propagation operation for the first
layer, whereas the first weight gradients can be used to
update the weights of the second layer, as explained above
in FIG. 3A and FIG. 6B-FIG. 6E. The updating of the
weights can be performed by neural network processor 406
and/or by computations module 416.

In step 812, neural network processor 406 can perform,
based on the input data and the second data gradients, a
second backward propagation operation for the first layer to
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generate second weight gradients for updating weights of the
first layer. Backward propagation management module 412
can control neural network processor 406 to perform the
second backward propagation operation, while data man-
agement module 414 can control neural network processor
406 (via backward propagation management module 412) to
fetch the input data and the first data gradients from memory
404 and to store the second weight gradients in memory 404.
In a case where there is another layer preceding the first
layer, the second backward propagation operation can also
generate second data gradients for the preceding layer. The
updating of the weights for the first layer can be performed
by neural network processor 406 and/or by computations
module 416.

FIG. 9 is a block diagram illustrating an example of an
integrated circuit device that can include neural network
processor 406 of FIG. 4 and can be controlled by training
module 400 to perform a training operation. The example of
FIG. 9 illustrates an accelerator 902. In various examples,
the accelerator 902, for a set of input data (e.g., input data
950), can execute computations using a processing engine
array 910, an activation engine 916, and/or a pooling engine
918. In some examples, the example accelerator 902 may be
an integrated circuit component of a processor, such as a
neural network processor. The processor may have other
integrated circuit components, including additional accel-
erator engines.

In various implementations, the memory subsystem 904
can include multiple memory banks 914. In these imple-
mentations, each memory bank 914 can be independently
accessible, meaning that the read of one memory bank is not
dependent on the read of another memory bank. Similarly,
writing to one memory bank does not affect or limit writing
to a different memory bank. In some cases, each memory
bank can be read and written at the same time. Various
techniques can be used to have independently accessible
memory banks 914. For example, each memory bank can be
aphysically separate memory component that has an address
space that is separate from and independent of the address
spaces of each other memory bank. In this example, each
memory bank may have at least one read channel and may
have at least one separate write channel that can be used at
the same time. In these examples, the memory subsystem
904 can permit simultaneous access to the read or write
channels of multiple memory banks. As another example,
the memory subsystem 904 can include arbitration logic
such that arbitration between, for example, the outputs of
multiple memory banks 914 can result in more than one
memory bank’s output being used. In these and other
examples, though globally managed by the memory subsys-
tem 904, each memory bank can be operated independently
of any other.

Having the memory banks 914 be independently acces-
sible can increase the efficiency of the accelerator 902. For
example, values can be simultaneously read and provided to
each row of the processing engine array 910, so that the
entire processing engine array 910 can be in use in one clock
cycle. As another example, the memory banks 914 can be
read at the same time that results computed by the process-
ing engine array 910 are written to the memory subsystem
904. In contrast, a single memory may be able to service
only one read or write at a time. With a single memory,
multiple clock cycles can be required, for example, to read
input data for each row of the processing engine array 910
before the processing engine array 910 can be started.

In various implementations, the memory subsystem 904
can be configured to simultaneously service multiple clients,
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including the processing engine array 910, the activation
engine 916, the pooling engine 918, and any external clients
that access the memory subsystem 904 over a communica-
tion fabric 920. In some implementations, being able to
service multiple clients can mean that the memory subsys-
tem 904 has at least as many memory banks as there are
clients. In some cases, each row of the processing engine
array 910 can count as a separate client. In some cases, each
column of the processing engine array 910 can output a
result, such that each column can count as a separate write
client. In some cases, output from the processing engine
array 910 can be written into the memory banks 914 that can
then subsequently provide input data for the processing
engine array 910. As another example, the activation engine
916 and the pooling engine 918 can include multiple execu-
tion channels, each of which can be separate memory
clients. The memory banks 914 can be implemented, for
example, using static random access memory (SRAM).

In various implementations, the memory subsystem 904
can include control logic. The control logic can, for
example, keep track of the address spaces of each of the
memory banks 914, identify memory banks 914 to read from
or write to, and/or move data between the memory banks
914. In some implementations, memory banks 914 can be
hardwired to particular clients. For example, a set of
memory banks 914 can be hardwired to provide values to the
rows of the processing engine array 910, with one memory
bank servicing each row. As another example, a set of
memory banks can be hard wired to receive values from
columns of the processing engine array 910, with one
memory bank receiving data for each column.

The processing engine array 910 is the computation
matrix of the example accelerator 902. The processing
engine array 910 can, for example, execute parallel integra-
tion, convolution, correlation, and/or matrix multiplication,
among other things. The processing engine array 910
includes multiple processing engines 911, arranged in rows
and columns, such that results output by one processing
engine 911 can be input directly into another processing
engine 911. Processing engines 911 that are not on the
outside edges of the processing engine array 910 thus can
receive data to operate on from other processing engines
911, rather than from the memory subsystem 904.

In various examples, the processing engine array 910 uses
systolic execution, in which data arrives at each processing
engine 911 from different directions at regular intervals. In
some examples, input data can flow into the processing
engine array 910 from the left and weight values can be
loaded at the top. In some examples weights and input data
can flow from the left and partial sums can flow from top to
bottom. In these and other examples, a multiply-and-accu-
mulate operation moves through the processing engine array
910 as a diagonal wave front, with data moving to the right
and down across the array. Control signals can be input at the
left at the same time as weights, and can flow across and
down along with the computation.

In various implementations, the number of columns in the
processing engine array 910 determines the computational
capacity of the processing engine array 910, and the number
of rows determines the required memory bandwidth for
achieving maximum utilization of the processing engine
array 910. The processing engine array 910 can have, for
example, 64 columns and 428 rows, or some other number
of columns and rows.

An example of a processing engine 911 is illustrated in
FIG. 9 in an inset diagram. As illustrated by this example, a
processing engine 911 can include a multiplier-accumulator
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circuit. Inputs from the left can include, for example, input
data 1 and a weight value w, where the input data is a value
taken from either a set of input data or a set of intermediate
results, and the weight value is from a set of weight values
that connect one layer of the neural network to the next. A
set of input data can be, for example, an image being
submitted for identification or object recognition, an audio
clip being provided for speech recognition, a string of text
for natural language processing or machine translation, or
the current state of a game requiring analysis to determine a
next move, among other things. In some examples, the input
data and the weight value are output to the right, for input
to the next processing engine 911.

In the illustrated example, an input from above can
include a partial sum, p_in, provided either from another
processing engine 911 or from a previous round of compu-
tation by the processing engine array 910. When starting a
computation for a new set of input data, the top row of the
processing engine array 910 can receive a fixed value for
p_in, such as zero. As illustrated by this example, i and w are
multiplied together and the result is summed with p_in to
produce a new partial sum, p_out, which can be input into
another processing engine 911. Various other implementa-
tions of the processing engine 911 are possible.

Outputs from the last row in the processing engine array
910 can be temporarily stored in the results buffer 912. The
results can be intermediate results, which can be written to
the memory banks 914 to be provided to the processing
engine array 910 for additional computation. Alternatively,
the results can be final results, which, once written to the
memory banks 914, can be read from the memory subsystem
904 over the communication fabric 920, to be output by the
system.

In some implementations, the accelerator 902 includes an
activation engine 916. In these implementations, the activa-
tion engine 916 can combine the results from the processing
engine array 910 into one or more output activations. For
example, for a convolutional neural network, convolutions
from multiple channels can be summed to produce an output
activation for a single channel. In other examples, accumu-
lating results from one or more columns in the processing
engine array 910 may be needed to produce an output
activation for a single node in the neural network. In some
examples, activation engine 916 can be bypassed.

In various examples, the activation engine 916 can
include multiple separate execution channels. In these
examples, the execution channels can correspond to the
columns of the processing engine array 910, and can per-
form an operation on the outputs of a column, the result of
which can be stored in the memory subsystem 904. In these
examples, the activation engine 916 may be able to perform
between 1 and n parallel computations, where n is equal to
the number of columns in the processing engine array 910.
In some cases, one or more of the computations can be
performed simultaneously. Examples of computations that
each execution channel can perform include exponentials,
squares, square roots, identities, binary steps, bipolar steps,
sigmoidals, and ramps, among other examples.

In some implementations, the accelerator 902 can include
a pooling engine 918. Pooling is the combining of outputs of
the columns of the processing engine array 910. Combining
can include, for example, computing a maximum value, a
minimum value, an average value, a median value, a sum-
mation, a multiplication, or another logical or mathematical
combination. In various examples, the pooling engine 918
can include multiple execution channels that can operate on
values from corresponding columns of the processing engine
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array 910. In these examples, the pooling engine 918 may be
able to perform between 1 and n parallel computations,
where n is equal to the number of columns in the processing
engine array 910. In various examples, execution channels
of the pooling engine 918 can operate in parallel and/or
simultaneously. In some examples, the pooling engine 918
can be bypassed.

Herein, the activation engine 916 and the pooling engine
918 may be referred to collectively as execution engines.
The processing engine array 910 is another example of an
execution engine. Another example of an execution engine
is a Direct Memory Access (DMA) engine, which may be
located outside the accelerator 902.

Input data 950 can arrive over the communication fabric
920. The communication fabric 920 can connect the accel-
erator 902 to other components of a processor, such as a
DMA engine that can obtain input data 950 from an Input/
Output (I/0) device, a storage drive, or a network interface.
The input data 950 can be, for example, one-dimensional
data, such as a character string or numerical sequence, or
two-dimensional data, such as an array of pixel values for an
image or frequency and amplitude values over time for an
audio signal. In some examples, the input data 950 can be
three-dimensional, as may be the case with, for example, the
situational information used by a self-driving car or virtual
reality data. In some implementations, the memory subsys-
tem 904 can include a separate buffer for the input data 950.
In some implementations, the input data 950 can be stored
in the memory banks 914 when the accelerator 902 receives
the input data 950.

In some examples, the accelerator 902 can implement a
neural network processing engine. In these examples, the
accelerator 902, for a set of input data 950, can execute a
neural network to perform a task for which the neural
network was trained. Executing a neural network on a set of
input data can be referred to as inference or performing
inference.

The weights for the neural network can be stored in the
memory subsystem 904, along with input data 950 on which
the neural network will operate. The neural network can also
include instructions, which can program the processing
engine array 910 to perform various computations on the
weights and the input data. The instructions can also be
stored in the memory subsystem 904, in the memory banks
914 or in a separate instruction buffer. The processing engine
array 910 can output intermediate results, which represent
the outputs of individual layers of the neural network. In
some cases, the activation engine 916 and/or pooling engine
918 may be enabled for computations called for by certain
layers of the neural network. The accelerator 902 can store
the intermediate results in the memory subsystem 904 for
inputting into the processing engine array 910 to compute
results for the next layer of the neural network. The pro-
cessing engine array 910 can further output final results from
a last layer of the neural network. The final results can be
stored in the memory subsystem 904 and then be copied out
to host processor memory or to another location.

FIG. 10 includes a block diagram that illustrates an
example of a host system 1000 in which an acceleration
engine 1060 can be used. The acceleration engine 1060 of
FIG. 10 is an example of a device that can include one or
more accelerators such as is illustrated in FIG. 9. The
example host system 1000 of FIG. 10 includes the accel-
eration engine 1060, a host processor 1072, DRAM 1030 or
processor memory, [/O devices 1032, and support systems
1074. In various implementations, the host system 1000 can
include other hardware that is not illustrated here.
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The host processor 1072 is a general purpose integrated
circuit that is capable of executing program instructions. In
some examples, the host processor 1072 can include mul-
tiple processing cores. A multi-core processor may include
multiple processing units within the same processor. In some
examples, the host system 1000 can include more than one
host processor 1072. In some examples, the host processor
1072 and the acceleration engine 1060 can be one chip, such
as one or more integrated circuits within the same package.

In various examples, the host processor 1072 can com-
municate with other components in the host system 1000
over one or more communication channels. For example, the
host system 1000 can include a host processor bus, which
the host processor 1072 can use to communicate with the
DRAM 1030, for example. As another example, the host
system 1000 can include an 1/O bus, such as a PCl-based
bus, over which the host processor 1072 can communicate
with the acceleration engine 1060 and/or the 1/O devices
1032, for example. In various examples, the host system
1000 can, alternatively or additionally, include other com-
munication channels or busses, such as serial busses, power
management busses, storage device busses, and so on.

In some examples, software programs executing on the
host processor 1072 can receive or generate input for
processing by the acceleration engine 1060. In some
examples, the programs can select an appropriate neural
network to execute for a given input. For example, a
program may be for language translation, and can select one
or more neural networks capable of speech recognition
and/or machine translation. In these and other examples, the
programs can configure the acceleration engine 1060 with
the neural network to execute, and/or can select a neural
network processing engine on the acceleration engine 1060
that has previously been configured to execute the desired
neural network. In some examples, once the acceleration
engine 1060 has started an inference on input data, the host
processor 1072 can manage the movement of data (such as
weights, instructions, intermediate results, results of condi-
tional layers, and/or final results) into or out of the accel-
eration engine 1060.

In some examples, a software program that is using the
acceleration engine 1060 to conduct an inference can read
the result from a conditional layer from the acceleration
engine 1060 and/or from a storage location, such as in
DRAM 1030. In these examples, the program can determine
what action the neural network should take next. For
example, the program can determine to terminate the infer-
ence. As another example, the program can determine to
change the direction of the inference, which can be trans-
lated by lower level code and/or the neural network proces-
sor to a next layer to execute. In these and other examples,
the execution flow of the neural network can be coordinated
by software. In some examples, a software program can also
use acceleration engine 1060 to perform a training operation.
The software program can include, for example, training
module 400 and execute in host processor 1072.

The DRAM 1030 is memory that is used by the host
processor 1072 for storage of program code that the host
processor 1072 is in the process of executing, as well as
values that are being operated on. In some examples, the
data for a neural network (e.g., weight values, instructions,
and other data) can be all or partially stored in the DRAM
1030. DRAM is a common term for processor memory, and
though DRAM is volatile memory, processor memory can
be volatile and/or non-volatile. Though not illustrated here,
the host system 1000 can include other volatile and non-
volatile memories for other purposes. For example, the host
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system 1000 can include a Read-Only Memory (ROM) that
stores boot code for booting the host system 1000 at power
on, and/or Basic Input/Output System (BIOS) code.

Though not illustrated here, the DRAM 1030 can store
instructions for various programs, which can be loaded into
and be executed by the host processor 1072. For example,
the DRAM 1030 can be storing instructions for an operating
system, one or more data stores, one or more application
programs, one or more drivers, and/or services for imple-
menting the features disclosed herein.

The operating system can manage and orchestrate the
overall operation of the host system 1000, such as schedul-
ing tasks, executing applications, and/or controller periph-
eral devices, among other operations. In some examples, a
host system 1000 may host one or more virtual machines. In
these examples, each virtual machine may be configured to
execute its own operating system. Examples of operating
systems include Unix, Linux, Windows, Mac OS, iOS,
Android, and the like. The operating system may, alterna-
tively or additionally, be a proprietary operating system.

The data stores can include permanent or transitory data
used and/or operated on by the operating system, application
programs, or drivers. Examples of such data include web
pages, video data, audio data, images, user data, and so on.
The information in the data stores may, in some examples,
be provided over the network(s) to user devices. In some
cases, the data stores may additionally or alternatively
include stored application programs and/or drivers. Alterna-
tively or additionally, the data stores may store standard
and/or proprietary software libraries, and/or standard and/or
proprietary application user interface (API) libraries. Infor-
mation stored in the data stores may be machine-readable
object code, source code, interpreted code, or intermediate
code.

The drivers can include programs that provide commu-
nication between components in the host system 1000. For
example, some drivers can provide communication between
the operating system and peripheral devices or [/O devices
1032. Alternatively or additionally, some drivers may pro-
vide communication between application programs and the
operating system, and/or application programs and periph-
eral devices accessible to the host system 1000. In many
cases, the drivers can include drivers that provide well-
understood functionality (e.g., printer drivers, display driv-
ers, hard disk drivers, Solid State Device drivers, etc.). In
other cases, the drivers may provide proprietary or special-
ized functionality.

The I/O devices 1032 can include hardware for connect-
ing to user input and output devices, such as keyboards,
mice, pens, tablets, voice input devices, touch input devices,
displays or monitors, speakers, and printers, among other
devices. The 1/0 devices 1032 can also include storage
drives and/or network interfaces for connecting to a network
1080. For example, the host system 1000 can use a network
interface to communicate with storage devices, user termi-
nals, other computing devices or servers, and/or other net-
works, among various examples.

In various examples, one or more of the /O devices 1032
can be storage devices. In these examples, the storage
devices include non-volatile memory and can store program
instructions and/or data. Examples of storage devices
include magnetic storage, optical disks, solid state disks,
flash memory, and/or tape storage, among others. The stor-
age device can be housed in the same chassis as the host
system 1000 or may be in an external enclosure. A storage
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device can be fixed (e.g., attached by screws) or removable
(e.g., having a physical release mechanism and possibly a
hot-plug mechanism).

Storage devices, the DRAM 1030, and any other memory
component in the host system 1000 are examples of com-
puter-readable storage media. Computer-readable storage
media are physical mediums that are capable of storing data
in a format that can be read by a device such as the host
processor 1072. Computer-readable storage media can be
non-transitory. Non-transitory computer-readable media can
retain the data stored thereon when no power is applied to
the media. Examples of non-transitory computer-readable
media include ROM devices, magnetic disks, magnetic tape,
optical disks, flash devices, and solid state drives, among
others. As used herein, computer-readable storage media
does not include computer-readable communication media.

In various examples, the data stored on computer-read-
able storage media can include program instructions, data
structures, program modules, libraries, other software pro-
gram components, and/or other data that can be transmitted
within a data signal, such as a carrier wave or other
transmission. The computer-readable storage media can,
additionally or alternatively, include documents, images,
video, audio, and other data that can be operated on or
manipulated through the use of a software program.

In various implementations, the support systems 1074 can
include hardware for coordinating the operations of the
acceleration engine 1060. For example, the support systems
1074 can include a microprocessor that coordinates the
activities of the acceleration engine 1060, including moving
data around on the acceleration engine 1060. In this
example, the microprocessor can be an integrated circuit that
can execute microcode. Microcode is program code that can
enable an integrated circuit to have some flexibility in the
operations that the integrated circuit can execute, but
because the program code uses a limited instruction set, the
microprocessor may have more limited capability than the
host processor 1072. In some examples, the program
executed by the microprocessor is stored on the hardware of
microprocessor, or on a non-volatile memory chip in the host
system 1000. In some examples, the microprocessor and the
acceleration engine 1060 can be on a chip, such as one
integrated circuit on the same die and in the same package.

In some examples, the support systems 1074 can be
responsible for taking instructions from the host processor
1072 when programs executing on the host processor 1072
request the execution of a neural network. For example, the
host processor 1072 can provide the support systems 1074
with a set of input data and a task that is to be performed on
the set of input data. In this example, the support systems
1074 can identify a neural network that can perform the task,
and can program the acceleration engine 1060 to execute the
neural network on the set of input data. In some examples,
the support systems 1074 only need to select an appropriate
neural network processing engine of the neural network
processor. In some examples, the support systems 1074 may
need to load the data for the neural network onto the
acceleration engine 1060 before the acceleration engine
1060 can start executing the neural network. In these and
other examples, the support systems 1074 can further
receive the output of executing the neural network, and
provide the output back to the host processor 1072.

In some examples, the operations of the support systems
1074 can be handled by the host processor 1072. In these
examples, the support systems 1074 may not be needed and
can be omitted from the host system 1000.
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In various examples, the host system 1000 can include a
combination of host systems, processor nodes, storage sub-
systems, and I/O chassis that represent user devices, service
provider computers or third party computers.

User devices can include computing devices to access an
application (e.g., a web browser or mobile device applica-
tion). In some examples, the application may be hosted,
managed, and/or provided by a computing resources service
or service provider. The application may enable a user to
interact with the service provider computer to, for example,
access web content (e.g., web pages, music, video, etc.). The
user device may be a computing device such as, for example,
a mobile phone, a smart phone, a personal digital assistant
(PDA), a laptop computer, a netbook computer, a desktop
computer, a thin-client device, a tablet computer, an elec-
tronic book (e-book) reader, a gaming console, etc. In some
examples, the user device may be in communication with the
service provider computer over one or more networks.
Additionally, the user device may be part of the distributed
system managed by, controlled by, or otherwise part of the
service provider computer (e.g., a console device integrated
with the service provider computers).

The host system 1000 can also represent one or more
service provider computers. A service provider computer
may provide a native application that is configured to run on
user devices, which users may interact with. The service
provider computer may, in some examples, provide com-
puting resources such as, but not limited to, client entities,
low latency data storage, durable data storage, data access,
management, virtualization, cloud-based software solutions,
electronic content performance management, and so on. The
service provider computer may also be operable to provide
web hosting, databasing, computer application development
and/or implementation platforms, combinations of the fore-
going or the like. In some examples, the service provider
computer may be provided as one or more virtual machines
implemented in a hosted computing environment. The
hosted computing environment can include one or more
rapidly provisioned and released computing resources.
These computing resources can include computing, net-
working and/or storage devices. A hosted computing envi-
ronment may also be referred to as a cloud computing
environment. The service provider computer may include
one or more servers, perhaps arranged in a cluster, as a
server farm, or as individual servers not associated with one
another, and may host application and/or cloud-based soft-
ware services. These servers may be configured as part of an
integrated, distributed computing environment. In some
examples, the service provider computer may, additionally
or alternatively, include computing devices such as for
example a mobile phone, a smart phone, a personal digital
assistant (PDA), a laptop computer, a desktop computer, a
netbook computer, a server computer, a thin-client device, a
tablet computer, a gaming console, etc. In some instances,
the service provider computer may communicate with one or
more third party computers.

The modules described herein may be software modules,
hardware modules or a suitable combination thereof. If the
modules are software modules, the modules can be embod-
ied on a non-transitory computer readable medium and
processed by a processor in any of the computer systems
described herein. It should be noted that the described
processes and architectures can be performed either in
real-time or in an asynchronous mode prior to any user
interaction. The modules may be configured in the manner
suggested in the preceding figures, and/or functions
described herein can be provided by one or more modules
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that exist as separate modules and/or module functions
described herein can be spread over multiple modules.

The specification and drawings are, accordingly, to be
regarded in an illustrative rather than a restrictive sense. It
will, however, be evident that various modifications and
changes may be made thereunto without departing from the
broader spirit and scope of the disclosure as set forth in the
claims.

Other variations are within the spirit of the present
disclosure. Thus, while the disclosed techniques are suscep-
tible to various modifications and alternative constructions,
certain illustrated examples thereof are shown in the draw-
ings and have been described above in detail. It should be
understood, however, that there is no intention to limit the
disclosure to the specific form or forms disclosed, but on the
contrary, the intention is to cover all modifications, alterna-
tive constructions, and equivalents falling within the spirit
and scope of the disclosure, as defined in the appended
claims.

The use of the terms “a” and “an” and “the” and similar
referents in the context of describing the disclosed examples
(especially in the context of the following claims) are to be
construed to cover both the singular and the plural, unless
otherwise indicated herein or clearly contradicted by con-
text. The terms “comprising,” “having,” “including,” and
“containing” are to be construed as open-ended terms (i.e.,
meaning “including, but not limited to,”) unless otherwise
noted. The term “connected” is to be construed as partly or
wholly contained within, attached to, or joined together,
even if there is something intervening. Recitation of ranges
of values herein are merely intended to serve as a shorthand
method of referring individually to each separate value
falling within the range, unless otherwise indicated herein
and each separate value is incorporated into the specification
as if it were individually recited herein. All methods
described herein can be performed in any suitable order
unless otherwise indicated herein or otherwise clearly con-
tradicted by context. The use of any and all examples, or
exemplary language (e.g., “such as™) provided herein, is
intended merely to better illuminate examples of the disclo-
sure and does not pose a limitation on the scope of the
disclosure unless otherwise claimed. No language in the
specification should be construed as indicating any non-
claimed element as essential to the practice of the disclosure.

Disjunctive language such as the phrase “at least one of X,
Y, or Z,” unless specifically stated otherwise, is intended to
be understood within the context as used in general to
present that an item, term, etc., may be either X, Y, or Z, or
any combination thereof (e.g., X, Y, and/or Z). Thus, such
disjunctive language is not generally intended to, and should
not, imply that certain examples require at least one of X, at
least one of Y, or at least one of Z to each be present.

Various examples of this disclosure are described herein,
including the best mode known to the inventors for carrying
out the disclosure. Variations of those examples may become
apparent to those of ordinary skill in the art upon reading the
foregoing description. The inventors expect skilled artisans
to employ such variations as appropriate and the inventors
intend for the disclosure to be practiced otherwise than as
specifically described herein. Accordingly, this disclosure
includes all modifications and equivalents of the subject
matter recited in the claims appended hereto as permitted by
applicable law. Moreover, any combination of the above-
described elements in all possible variations thereof is
encompassed by the disclosure unless otherwise indicated
herein or otherwise clearly contradicted by context.
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What is claimed is:

1. An apparatus comprising:

a memory that stores instructions; and

a hardware processor configured to execute the instruc-

tions to:

control a neural network processor to perform a loss
gradient operation to generate data gradients;

after the loss gradient operation completes, control the
neural network processor to perform a forward
propagation operation to regenerate intermediate
outputs, the intermediate outputs having been previ-
ously generated by the neural network processor;

control the neural network processor to perform a
backward propagation operation based on the data
gradients and the intermediate outputs to generate
weight gradients;

receive the weight gradients from the neural network
processor; and

update weights of a neural network based on the weight
gradients.

2. The apparatus of claim 1, wherein the forward propa-
gation operation is a first forward propagation operation;

wherein the intermediate outputs are first intermediate

outputs;

wherein the hardware processor is configured to execute

the instructions to, prior to the loss gradient operation:

control the neural network processor to perform the
first forward propagation operation to generate the
first intermediate outputs; and

control the neural network processor to perform, based
on the first intermediate outputs, a second forward
propagation operation to generate second intermedi-
ate outputs.

3. The apparatus of claim 2, wherein the hardware pro-
cessor is configured to execute the instructions to, prior to
the loss gradient operation:

control the neural network processor not to store the first

intermediate outputs and to store the second interme-
diate outputs after the second propagation operation
completes.

4. The apparatus of claim 3, wherein the second interme-
diate outputs are stored in a second memory after the second
propagation operation completes, and wherein the memory
is a first memory.

5. The apparatus of claim 2, wherein the hardware pro-
cessor is configured to execute the instructions to, prior to
the loss gradient operation:

control the neural network processor to overwrite the first

intermediate outputs with the second intermediate out-
puts in a second memory after the second propagation
operation completes, wherein the memory is a first
memory.

6. The apparatus of claim 2, wherein the forward propa-
gation operation is performed based on input data that is
received from another layer of the neural network.

7. The apparatus of claim 2, wherein the first forward
propagation operation is for a first layer of the neural
network, and wherein the second forward propagation
operation is for a second layer of the neural network.

8. A non-transitory computer readable medium storing
instructions that, when executed by a processor, cause the
processor to:

control a neural network processor to perform a loss

gradient operation to generate data gradients;

after the loss gradient operation completes, control the

neural network processor to perform a forward propa-
gation operation to regenerate intermediate outputs, the
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intermediate outputs having been previously generated
by the neural network processor;

control the neural network processor to perform a back-

ward propagation operation based on the data gradients
and the intermediate outputs to generate weight gradi-
ents;

receive the weight gradients from the neural network

processor; and

update weights of a neural network based on the weight

gradients.

9. The non-transitory computer readable medium of claim
8, wherein the forward propagation operation is a first
forward propagation operation;

wherein the intermediate outputs are first intermediate

outputs;

wherein the processor is caused to, prior to the loss

gradient operation:

control the neural network processor to perform the
first forward propagation operation to generate the
first intermediate outputs; and

control the neural network processor to perform, based
on the first intermediate outputs, a second forward
propagation operation to generate second intermedi-
ate outputs.

10. The non-transitory computer readable medium of
claim 9, wherein the processor is caused to, prior to the loss
gradient operation:

control the neural network processor not to store the first

intermediate outputs and to store the second interme-
diate outputs after the second propagation operation
completes.

11. The non-transitory computer readable medium of
claim 10, wherein the second intermediate outputs are stored
in a memory after the second propagation operation com-
pletes.

12. The non-transitory computer readable medium of
claim 9, wherein the processor is caused to, prior to the loss
gradient operation:

control the neural network processor to overwrite the first

intermediate outputs with the second intermediate out-
puts in a memory after the second propagation opera-
tion completes.

13. The non-transitory computer readable medium of
claim 9, wherein the forward propagation operation is per-
formed based on input data that is received from another
layer of the neural network.

14. The non-transitory computer readable medium of
claim 9, wherein the first forward propagation operation is
for a first layer of the neural network, and wherein the
second forward propagation operation is for a second layer
of the neural network.

15. A method comprising:

controlling a neural network processor to perform a loss

gradient operation to generate data gradients;

after the loss gradient operation completes, controlling the

neural network processor to perform a forward propa-
gation operation to regenerate intermediate outputs, the
intermediate outputs having been previously generated
by the neural network processor;

controlling the neural network processor to perform a

backward propagation operation based on the data
gradients and the intermediate outputs to generate
weight gradients;

receiving the weight gradients from the neural network

processor; and

updating weights of a neural network based on the weight

gradients.



US 12,106,222 B2

31

16. The method of claim 15, wherein the forward propa-
gation operation is a first forward propagation operation;

wherein the intermediate outputs are first intermediate

outputs;

wherein the method further comprises, prior to the loss

gradient operation:

controlling the neural network processor to perform the
first forward propagation operation to generate the
first intermediate outputs; and

controlling the neural network processor to perform,
based on the first intermediate outputs, a second
forward propagation operation to generate second
intermediate outputs.

17. The method of claim 16, further comprising, prior to
the loss gradient operation:

controlling the neural network processor not to store the

first intermediate outputs and to store the second inter-
mediate outputs after the second propagation operation
completes.

18. The method of claim 17, wherein the second inter-
mediate outputs are stored in a memory after the second
propagation operation completes.

19. The method of claim 16, further comprising, prior to
the loss gradient operation:

controlling the neural network processor to overwrite the

first intermediate outputs with the second intermediate
outputs in a memory after the second propagation
operation completes.

20. The method of claim 16, wherein the forward propa-
gation operation is performed based on input data that is
received from another layer of the neural network.
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